Image segmentation is an important research of computer vision. Due to the effects of intensity inhomogeneity, target edge and background complex, it is still challenging to achieve effective segmentation of target adaptively. To solve these issues, an image segmentation method based on saliency and level set is proposed in this paper. First, adaptive initial contour of level set is got by wavelet-based feature probability evaluation (WFPE) model, the initial contour is closer to the target contour, which can reduce background interference and evolve faster. Second, in order to realize the best detection of intensity mutation and locate the target edge more accurately, an edge constraint energy term is introduced with multiscale information obtained by wavelet transform. Finally, to improve segmentation adaptability and speed, the region information and edge constraint energy term are merged into the adaptive active contour model, the final evolution curve evolves in coarse scale, and then interpolates to get the final segmentation contour. Experimental results show that the proposed method achieves high efficiency in the following aspects: adaptability to images, speed of evolution, close to human visual perception.
I. INTRODUCTION
As an emerging topic, image segmentation technology has received extensive attention due to its wide application in medical images [1] - [3] , aerotechnics [4] , video processing [5] , [6] and so on. The segmentation of an image refers to subdividing the image into its components or objects. Segmentation is one of significant subjects in image analysis. It has many different methods, including threshold value methods [7] - [10] , boundary tracking methods [11] - [13] , et al. However, segmentation of images with noise, intensity inhomogeneity and complex edge is still a big challenge and a hotspot. There are a series of breakthrough successes having been made in recent years, especially the active contour model approach [14] , [15] . The boundary of target which is segmented by active contour model is smooth and closed.
The level set [16] method can effectively solve the topological changes in the curve evolution process in natural, The associate editor coordinating the review of this manuscript and approving it for publication was Orazio Gambino . which also represents a complex topology. The advantages of level set method are that it does calculate efficiency, suitable for modeling and deformation contours of arbitrary shape. However, several major defects are linked with the level set methods. The edge-based approach [17] - [19] , methods' initial contour position will affect the final segmentation result, unable to realize the adaptive segmentation. In addition, the level set method only uses a partial differential equation to solve the curve evolution, and suffers from computational complexity, curve convergence iterations, and affect the speed of segmentation. Therefore, the location of the initial contour is critical. It is necessary to use the image of the underlying character and high layer knowledge to accurately describe the shape characteristics of the target object in the image, adaptively construct initial contour, and reduce the influence of the initial contour position on the segmentation performance. In this regard, the regionbased method [20] - [22] was developed to process images by assuming that the intensity in each region is uniform. As a result, these methods are not very effective in processing images with intensity inhomogeneity. But these methods do VOLUME 7, 2019 This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see http://creativecommons.org/licenses/by/4.0/ not rely on the gradient information, so can segment the weak edges, for example, C-V model [23] , [24] . Motivated by the above analysis, the method of associating edge information with region information is meaningful. Based on visual saliency [25] - [28] to segment image, the segmentation performance is significantly improved. Achanta et al. [27] proposed a segmentation method by saliency in 2008. In [27] , visual saliency maps are calculated from color information and luminance. In recent years, co-saliency is emerging [29] .
Cong et al. [30] proposed a new model based on co-saliency detection for RGBD images. Co-saliency is widely used in detection. Some segmentation methods based on deep learning have emerged. In [31] , [32] , fully convolutional networks are used to CT male pelvic organ segmentation, the performance is well. The achievements and challenges of deep learning in medical image segmentation are summarized in [33] . So through the above analysis, it is necessary to fuse region information and multi-scale saliency information, which can describe the target shape feature accurately, and achieve the object segmentation adaptively, and efficiently. With consideration of the initial contour and the edge constraint energy term, a multi-scale adaptive image segmentation method is proposed based on saliency. The main contributions of this paper include: (1) Adaptive initial contour is closer to the target contour, reduced background interference and improved evolution speed. (2) Multi-scale edge information is fused into the region information to accurately locate the edge, and combined the local binary fitting model [34] , [35] to reduce sensitivity to intensity inhomogeneity and improve adaptability.
Other sections are organized in this paper. Section 2 presents this paper method and gives the details of the proposed segmentation algorithm. The efficacy of the proposed method is proved by examples in Section 3. The discussion is presented in Section 4. The conclusion is reflected in Section 5.
II. MULTI-SCALE SALIENCY ADAPTIVE LEVEL SET METHOD
The flowchart of method in this paper is shown in Figure1 and includes three steps: (1) Processing the original image by a multi-scale saliency method WFPE to obtain an adaptive initial contour. (2) The edge constraint energy item is introduced with high frequency component which obtained by multiscale wavelet transform. (3) C-V model is improved by reinitialization and intensity inhomogeneity eliminate methods, as well as combined region and adaptive multi-scale edge information.
A. INITIAL CONTOUR ADAPTIVE EXTRACTION METHOD BASED ON WFPE
Initial contour of level set cannot be obtained automatically, and always contains background information, content and visual perception of the image are often ignored in manual retrieval process, segmentation performance for images with complex edge and fuzzy edge is easier to be influenced by initial position. The saliency estimation images to form a selective attention mechanism, which can locate and detect salient regions in the image. Getting the initial contour of the target actively will reduce the effect of initial contour position and background on segmentation. The initial contour obtained by saliency method is in accordance with human visual perception characteristics and has a certain degree of self-adaptability. The accurate initial contour will also reduce frequency of evolutions and enhance the real-time performance of the algorithm.
Obtaining an adaptive initial contour is the first step in a multi-scale saliency adaptive level set shown as Step1 in Figure 1 . This paper draws on the ideas of [36] , [37] , saliency detection mechanism is introduced into level set. This paper adopted the WFPE model proposed in [38] to get the initial contour adaptively.
The algorithm steps are listed as follows:
(1)The input image is decomposed into three different color channel.
(2)By multi-resolution analysis of wavelet transform, the information in each channel is decomposed into 3l +1 feature maps, l is series for wavelet decomposition.
(3)Resizing feature images to the original image size, calculating the joint probability density by independent component analysis.
(4)Fusing all probability density to have a saliency map. (5) Converting saliency map to binary image, adopting morphological closing operation, marking target associated parts, extracting target contour information in binary images, getting the initial contour C of the target. The image is divided into salient areas A and non-salient areas B by initial contour C. They are regarded as the prior shape approximation of target region and background region respectively. The gray mean of these two area is c a and c b . So the C-V energy [23] set as:
The energy terms A |I − c a | 2 dxdy and B |I − c b | 2 dxdy are the squared error of the c a and c b · v ≥ 0, λ 1 > 0, λ 2 > 0, and they are constants. Length(C) is the length of the current evolution curve C. To solve the minimization energy function problem, H (φ) and δ(φ) are introduced into (1) [23] , so energy functional of (1) as follows:
MULTI-SCALE EDGE CONSTRAINT ENERGY TERM
Step and fuzzy edges can be effectively processed by multiscale edge information. The second step of multi-scale saliency adaptive level set is to introduce edge constraint energy term by high frequency component, shown as Step2 in Figure 1 . In this part, the image is decomposed into lowfrequency information and horizontal, vertical, and diagonal lines information of high-frequency by wavelet transform. This section draws on the idea of [39] , the multi-scale edge constraint energy term:
In (3), cB i = cH i (Horizontal) + cV i (Vertical) + cD i (Diagonal), cH i , cV i , cD i are the horizontal, vertical, diagonal lines high frequency subimages after ith wavelet transform.
C. MULTI-SCALE ADAPTIVE LEVEL SET SEGMENTATION METHOD BASED ON REGION AND EDGE INFORMATION FUSION
The third step of multi-scale saliency adaptive level set is to fuse region and edge information, and before fusion, this step eliminated the re-initialization and intensity inhomogeneity was shown as Step3 in Figure1. In this paper, the internal constraint energy term is introduced to cancel re-initialization. Internal constraint energy term is:
Add equation (4) to equation (2) and perform the variation minimization to obtain the evolved function:
Because of the need to eliminate the effect of image intensity inhomogeneity on segmentation, this paper combined the local binary fitting LBF model [34] , [35] . (LBF) function is described as: (6) K σ is a Gaussian kernel function, f 1 (x) and f 2 (x) are the two values that approximate image intensities in A and B , λ 1 , λ 2 are positive parameters.
Equation (6) is introduced into equation (5), the evolution equation of the curve is obtained using the variation minimization:
In (7), e i (x) = K σ (y − x) |I (x) − f i (y)| 2 dy, i = 1, 2. An image segmentation method based only on region information is not ideal for edge-complex and highly-variable target segmentation. Therefore, this paper combined region and edge information to form an active adaptive level set segmentation method. Add equation (3) to equation (7), and use the variation minimization to get the following evolution equation:
Region information and multi-scale edge information are combined in this function, reduced the sensitivity to the intensity inhomogeneity and located the target edge more accurately. The evolution of the equation on coarse scale image improved the real-time performance of segmentation.
III. EXPERIMENTS AND ANALYSIS A. IMAGES
In this section, the accuracy, efficiency and adaptability of the method are appraised with three image standard data sets in Figure 2 , synthetic images, natural images and medical images. Images are selected from different objects, some images are simple images with a clear distinction between background and object, some images with blurry boundaries, and some images with intensity inhomogeneity. The size of images are in table 1. The horizontal, vertical, diagonal lines information of high frequency of wavelet transform which is used in formula 3 are shown in Figure 3 (only show one representative image). The low frequency subimage for evolution is also shown in Figure 3 (only show one representative image). 
B. COMPARATIVE EXPERIMENTS
Methods implement a computer configuration with an Intel Core 2 Duo 2.2 GHz CPU, 4 GB RAM and Windows 7 operating system. The Matlab version is R2016a. The parameters and initial conditions are set as follows:µ = 1, λ 1 = λ 2 = 1.0, ν = 0.001 × 128 × 128.
In this paper, 3 image sets are used to segmentation, our method is compared with 5 methods: GAC [15] , CV [23] , LS [40] , LIC [41] , and LIF [42] .
Three images are selected as the representatives to obtain the saliency map and initial contour are shown in Figure 4 . The acquisition of saliency map conforms to the visual perception characteristics of human beings and better simulates the attention mechanism of the eyes to the target object. In this paper, the saliency map is binarized and marked by morphological method to obtain the initial contour of the target. The initial contour is close to the boundary of the target object, which reduced the times of evolution and better distinguishes the background and target region.
As can be seen from Figure 5 , Figure 6 and Figure 7 . Figure 5 are segmentation effects of each method of synthetic images. Figure 6 are segmentation effects of each method of natural images. Figure 7 are segmentation effects of each method of medical images. For the 9 images in the experiment, different methods showed different degrees of over-segmentation and under-segmentation. In particular, natural image segmentation, GAC, LIC, LIF does not segment the target. But the method in this paper basically VOLUME 7, 2019 obtains the region of the segmented target. For the images with different properties and different influences, the method in this paper is more adaptable and the segmentation effect is better. The above phenomena are analyzed from the following points: (1) For the first image all methods show good segmentation performance. The segmentation of edge and region is considered in the method of this paper at the same time, so the edge segmentation part is conservative and there is a certain under-detection phenomenon. ( 2) The method in this paper automatically obtains a more accurate initial contour, which reduces background interference. The method in this paper combines the region and the edge while being considered. Therefore, the segmentation effect of the method is ideal for images with background and complex edges. The other methods are mainly combined with the segmentation of the region, which is not sensitive to the edge information, so the edge segmentation is not clear, and the phenomenon of over segmentation and under segmentation occurs.
(3) Our method is based on the significant distinction between the background and the target region and incorporates the local adaptive energy function to construct an image gray information model based on the significant segmentation region. The model overcomes the intensity inhomogeneity of the image. Therefore, the image segmentation for intensity inhomogeneity is good. Other methods are sensitive to different levels of intensity inhomogeneity. (4) The method in this paper is consistent with human visual characteristics. The method actively distinguishes the target from the background. The method performs energy constrained evolution on the coarse scale to reduce the sensitivity to intensity inhomogeneity. Therefore, the method of this paper is more adaptable.
From the segmentation effect figures, the method in this paper obtains a better segmentation effect for images. In order to more objectively reflect the adaptability and accuracy of the method. This paper introduced the detection rate J, the false detection rate W of reference [43] , and defines the under-detection rate L. The total number of pixels for setting the standard segmentation is S, and the total number of pixels for the segmentation method is M, then: Table 2 lists the detection rate, false detection rate, and under-detection rate for the six methods of nine images. From the table we can see that the method is very effective for target segmentation of intensity inhomogeneity image for different images. Under the premise of high detection rate, the false detection rate and under detection rate of this method are very low, which indicates that segmentation is very effective. In images 5 and 9, some methods have a high false detection rate although they have a higher detection rate. This result is a failure and does not achieve a segmentation goal. Image 1 is a simple synthetic image. The image boundaries are clear, the local area segmentation method obtained good results, but the false detection rate of this method is also low for this picture. This point just illustrates the effectiveness of our method to deal with intensity inhomogeneity images, and the adaptability to different image processing. It also shows that the effectiveness of the analysis segmentation method should be analyzed from many aspects such as detection rate, It can be seen from the table 3 that our method has less segmentation time for images. The segmentation time of other segmentation methods is several times or even 100 times that of the method. It shows that the initial contour is obtained based on the saliency and the eliminate re-initialization, which not only removes the background interference, but also improves the segmentation efficiency. 
IV. DISCUSSION
The experimental results show the following:
(1) The method proposed by us has the best effect on the segmentation accuracy of intensity inhomogeneity images. There are two main reasons. First, WEPE helps us to get a more accurate initial contour adaptively, reduced background interference. Then, we introduced the multi-scale edge constraint energy term, fused saliency region and edge information. It not only overcomes the intensity inhomogeneity of images, but also utilizes high frequency information to evolve on low frequency images.
(2) In terms of time spent, we have a greater advantage than other methods. The reasons can be summarized as two aspects. On the one hand, the process of the method can eliminate the re-initialization. On the other hand, with the obtained contour on image by wavelet transform, the image size under two-scale wavelet decomposition is only 1/16 of the original image size, which also improved the speed of the algorithm so much.
The proposed method is not perfect and has the following disadvantages:
(1) Similar to other segmentation method, our proposed method are sensitive to input image, in other words, the proposed method does not have a good segmentation effect on all images.
(2) Active segmentation requires the target to be obvious.
V. CONCLUSION
With advances of image processed techniques, image segmentation remains an active and challenging topic in the computer vision. Due to the difficulty of obtained initial contour and information fusion, a multi-scale adaptive information fusion method is put forward in this paper, which incorporates the saliency region and the edge information into the level set. The designed model can take advantage of initial contour adaptively. Compared with the other 5 methods, our method can segment the target in the case of experimental results (synthetic images, natural images, and medical images) of three image data sets, the proposed method guarantees segmentation adaptability. At the same time, the time cost is less than some other methods in the presence of complex edges, fuzzy boundaries, and intensity inhomogeneity.
